ABSTRACT Magnetic resonance sounding (MRS) signals are always corrupted by random noise. Although time-frequency peak filtering (TFPF) has been proven to be an effective method to suppress the random noise, it shows shortcomings when processing the oscillating high-frequency MRS signal at about 2 kHz. In this study, a new method combining empirical mode decomposition (EMD) and TFPF is proposed to overcome the TFPF limitation when processing the MRS oscillating signal. With the help of EMD decomposition characteristics, the random-noise-corrupted MRS oscillating signal is first decomposed into several different components which contain frequencies ranging from the highest to the lowest ones. Then, the components which do not have signal frequency are discarded to bring down the level of random noise. The residual components are further processed by TFPF, respectively, based on the theory of instantaneous frequency estimation and the property of noise accumulation. Finally, the de-noised result is obtained by reconstructing the processed components. The numerical simulations on synthetic signals embedded in both artificial noise and real noise show the combined method can improve the signal-to-noise ratios and reduce the uncertainties of signal parameters. In addition, the combined method is applied following a standard processing scheme in field data, and better results are also obtained.
I. INTRODUCTION
MAGNETIC resonance sounding (MRS) is a non-invasive geophysical method applied in hydrogeological investigations [1] , [2] , which has the ability to estimate water content and pore structure directly and quantitatively [3] , [4] . However, environmental electromagnetic noise typically causes a low signal-to-noise ratio (SNR) or prohibits any MRS measurement. Signal enhancement [5] , [6] and noise suppression are two ways to improve the SNR. In this paper, we aim at copping the latter.
The environmental electromagnetic noise commonly includes spiky noise, power-line harmonic noise and
The associate editor coordinating the review of this manuscript and approving it for publication was X. Huang. random noise. With regard to the original source, the spiky noise comes from thunderstorms and electrical installations such as motors and fences. The power-line harmonic noise is the electrical interference from power-line and railway harmonics. The random noise is originating in wideband background noise and receiver electronics noise. In general, the de-noising workflow is (1) de-spiking; (2) harmonic noise cancellation; and (3) random noise suppression. Then demodulation and low-pass filtering are employed. Followed by a nonlinear fitting algorithm, signal parameters are obtained. If the filtered demodulated signal and signal parameters are not accurate, it will lead to an inaccurate inversion or even get a wrong imaging result where the false aquifer appears. Recent studies suggest the spiky noise and power-line harmonic noise can be cancelled by model-based noise reduction approaches [7] , [8] . In addition, statistical methods [9] , wavelet-based approaches [10] and the remote reference technique [11] - [13] can also work effectively. However, the random noise which contributed by a variety of unpredictable factors do not have a specific mathematical expression and may have overlapping spectra with the desired signal, this noise cannot be effectively suppressed. At present, stacking [3] , [12] is the widely used method to suppress the random noise, that is averaging the multiple measurements. However, this method is time-consuming in terms of measurement progress. Besides, only a part of random noise may be suppressed by stacking.
Time-frequency peak filtering (TFPF) is a new method for random noise suppression [14] . Based upon the notion of instantaneous frequency (IF) [15] , [16] and the standard time-frequency peak-detection algorithms [17] , the underlying signal will be estimated by taking the peak of the timefrequency representation. We found that such a method can effectively suppress the random noise [18] . If the random noise embedded in the oscillating signal is suppressed before demodulation, the uncertainties of signal parameters will get smaller and the SNRs of the filtered signals will be greater. However, our first study processed the demodulated (or lowfrequency) signal because TFPF demands piecewise linear signals. Thus TFPF alone is not suitable to process the highfrequency MRS oscillating signal as then short windows must be used, but such short windows cannot suppress high level random noise.
Thus, the general objective of this study is to apply a method combining empirical mode decomposition (EMD) and TFPF to suppress the additive random noise embedded in MRS oscillating signals, in order to further improve the SNRs and reduce the uncertainties of the signal parameters. EMD is an adaptive signal analysis method which decomposes a signal into different components. These components display the local characteristic of the original signal at different time scale, and the basis is automatically defined based on the original signal without any pre-set [19] - [21] . So EMD is suitable for the non-stationary and nonlinear data processing even though it has the defects of endpoint effects and modal aliasing. It has been widely used in many areas and also has some applications in geophysical data processing [22] - [24] . In terms of the MRS signal processing, the high-frequency MRS oscillating signals have a high nonlinearity, which leads to the estimated underlying signal are biased by applying TFPF alone. Signal preserving and noise suppression is difficult to weigh. If the selected window length is large, the underlying signal will be distorted. Conversely, noise will not get better suppression. In order to decrease the noise level, EMD worked. By using EMD, some components merely contain noise are obtained, discard these components can remove partial noise. This allows for the further use of TFPF. Afterwards, a small windowed pseudo WignerVille distribution (PWVD) is adopted during time-frequency analysis of TFPF to suppress the remaining mild random noise. The theoretical considerations were validated using numerical simulations and field surveys. The tests showed when such a combined method employed on the oscillating signal, the SNRs were further improved and the uncertainties of signal parameters were smaller. It may make the inversion result more credible.
II. METHODOLOGY COMBING EMD AND TFPF

A. EMPIRICAL MODE DECOMPOSITION
EMD is an adaptive method, which decomposes a signal into a set of intrinsic mode functions (IMFs). The IMFs contain frequencies ranging from the highest to the lowest ones thus well show the local features of the signal in time domain and frequency domain. The flowchart is displayed in Fig.1 and the implementation of EMD algorithm is given as follows.
Step 1) Identify all the maximal points and minimal points of the observed signal X (n), perform cubic spline interpolation among the maximal points and minimal points, respectively. Then generate the upper envelope and the lower envelope, E (1) max (n) and E (1) min (n).
Step 2) Calculate the mean value of the upper envelope and the lower envelope, obtain the mean F 1 (n)
Step 3) Subtract F 1 (n) from the observed signal X (n) to obtain the detail component H 1 (n), what we need to do is to determine whether the detail component is an IMF, the IMF should satisfy the following two cases: Firstly, the mean value is zero with local symmetry, and the number of extrema (maxima and minima) and the number of zero crossings must either equal or differ at most by one.
Secondly, at any given point, the mean value of the envelope defined by the local maxima and the envelope defined by the local minima should be zero.
If H 1 (n) is not an IMF, give it as an input and repeat from step 1 to step 3 until the first IMF is gotten, C 1 (n).
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Step 4) The residue R 1 (n) is calculated by subtracting C 1 (n) from observed signal X (n), X (n)-C 1 (n) = R 1 (n). Then R 1 (n) is given as a new input to the next iteration of the sifting process (i.e. step 1 to 3 is repeated) to generate the second IMF, C 2 (n). The performance from step 1 to step 4 is repeated on the residue.
Extracting procedure is stopped if the residue is constant or a function with no extrema. After extracting all IMFs, the original observed signal X (n) can be expressed as
B. TIME FREQUENCY PEAK FILTERING TFPF is a signal enhancement method, which has the particular advantage of random noise attenuation. It is a two-step procedure including frequency modulation and IF estimation. The object of the first step is to obtain an analytic signal as follows [18] 
with n is the time sample, z(n) is the frequency-modulated analytic signal of the random-noise-corrupted signal x(n), and the second step is to estimate the IF of this analytic signal by taking the peak of its time-frequency representation which can be basically expressed aŝ
with PW z (n, k) is the PWVD of z(n), andŝ (n) is the reconstructed signal, which is equal to the IF of the analytic signal. The PWVD of the analytic signal z(n) is defined as
. (6) with the symbol * denotes the complex conjugate, k is the discrete frequency sample, ω (l) denotes the window function. 2L + 1 is the window length. The purpose of windowed version time-frequency distribution is to make the signal as close linear as possible within the window length so that the bias after filtering is reduced.
C. SCHEME OF EMD-TFPF
In order to overcome the TFPF limitation in MRS oscillating signal processing, we propose the method combining EMD and TFPF. In what follows, how to combine EMD and TFPF for random noise suppression of MRS oscillating signal is shown, together with a complete signal example. The original MRS signal is an oscillating and exponentially decaying voltage of the form, which recorded by MRS receiver at time nT s , where n is an integer and T s is the sampling period.
· cos(2πf L nT s + ϕ 0 (q)), (7) with s 0 is the initial amplitude of MRS signal, T * 2 is the decay time, f L is the Larmor frequency and ϕ 0 is the phase shift between the recorded signal and exciting current, q is pulse moment. These signal parameters are related to water content and rock properties. The accuracy of the estimated parameters is important for evaluating the goodness of the de-noising algorithm. When the MRS instruments record the signal in geomagnetic field, the weak signal is always corrupted by electromagnetic noise. In addition to the spiky noise and power-line harmonic noise, the remaining noise components contributed by receiver electronics, environmental disturbing or some other unpredictable factors, this noise is called as random noise. TFPF method shows potential in random noise attenuation [14] , [18] . But just using TFPF method to process such an oscillating signal, only partial random noise can be suppressed. In order to suppress the high level random noise, the EMD method is first implemented to decrease the noise level. The workflow of random noise suppression is carried out in two stages. At the first stage some IMFs show frequencies from the highest to the lowest are obtained after the decomposition of EMD. One needs to select only few IMFs that are used for reconstruction and eliminate the noisy IMFs for noise level acceptable. At the second stage the TFPF algorithm is performed on each selected IMFs. A small windowed PWVD is adopted during time-frequency analysis to further suppress the remaining mild random noise. Thus, the desired signal is recovered by adding the processed IMFs.
Here, a synthetic MRS oscillating signal with the parameters s 0 = 200 nV, T * 2 = 150 ms, f L = 2020 Hz and ϕ 0 = 0.523 rad is generated and has been corrupted by Gaussian noise distribution with the mean value of 0 nV and a standard deviation of 100 nV, making the SNR −5.24 dB. It can be observed that signal is corrupted by noise from the time series and the spectrum in Fig.2a . Firstly, by using EMD, the noisy signal was decomposed into fifteen IMFs and a finial residual. Fig.2b shows the components contain frequencies ranging from the highest to the lowest ones, here merely the first three of the fifteen IMFs are displayed. Let the frequency range f L ± 75 Hz denotes the signal part and the frequency of f L + (75 ∼ 150) Hz combined with f L − (75 ∼ 150) Hz denote the noise part (Fig.3a) . Calculate the two parts' spectra energy, and the figure of the two parts' ratio with respect to IMF number is drawn in Fig.3b . Secondly, those components of spectra energy ratio greater than 1.5 are selected, and IMF 3 , IMF 4 and IMF 5 shown in Fig.2c are the selected components. Noted that all these components contain a part of signal, meanwhile, these components still have noise. Up to here, noise level is decreased, this allows for further use of TFPF where a small window length can be selected. Then, TFPF is used to suppress the random noise embedded in these components one by one. According to the derivation referred to [14] . The window length considered during TFPF is 5 samples. The processed results by TFPF are displayed in Fig.2d . The residual noise was suppressed and the signal was more evident. Finally, add up these processed components gives the filtered signal with s 0 =200.8±2.4 nV VOLUME 7, 2019 and T * 2 =149.85±3.01 ms after EMD and TFPF, the SNR increased to 6.93 dB, which is shown in Fig.2e .
III. PERFORMANCE ASSESSMENT ON SIMULATED DATA
In this section, to demonstrate the performance of the combined method, numerical simulations from modelling of some mono-exponential oscillating signals added to artificial and real noise recordings are performed. To quantify the effects of random noise suppression, signal parameters were estimated from the nonlinear fitting algorithm [25] . Additionally, the quality of the de-noised signal is measured with regard to the SNR in decibels (dB), which is defined as follows:
with M is the length of data samples, s(m) is the synthetic signal and n(m) is the added noise or the remaining noise.
A. SYNTHETIC EXAMPLE FOR ARTIFICIAL NOISE
In order to test the combined method for random noise suppression of MRS oscillating signal, synthetic data is generated which consists of a mono-exponential decaying signal and random noise, the signal parameters are s 0 =100 nV, T * 2 =100 ms, f L =2020 Hz and ϕ 0 =1.05 rad. To make the synthetic data comparable with field conditions, the random noise consists of Gaussian noise and uniform noise. Here, the uniform noise can be considered non-specified noise contributions such as structural noise and background noise which is detail described in [26] . Fig.4 shows the results of the combined method for random noise suppression in different noise conditions. For signal 1, a Gaussian noise with the standard deviation of 10 nV (the mean value of the Gaussian noise was 0 nV for all the simulated experiments in this paper) and a uniform relative noise of 3% of the data values were added, making the SNR was 6.99 dB. Then the noise level was increased to simulate signal 2, the standard deviation of Gaussian noise was increased to 20 nV, and the uniform relative noise was 5% of the data values, and the SNR was 0.96 dB. Furthermore, more serious disturbance was simulated as signal 3. The pure signal was contaminated with Gaussian noise, the standard deviation was 50 nV with a uniform relative noise of 10% of the data values, which made the SNR of the signal 3-7.05 dB. These three signals are shown in Fig.4a . To observe the signals more clearly, two details from the whole period were chosen, 54∼64 ms and 114.5∼124.5 ms, which were shown in Fig.4b and c, respectively. Then, the combined method was employed to process the noisy signals. The filtered signals were shown in Fig.4d , e and f. For signal 1, the disturbing random noise was mild, and the noise was suppressed easily with the combined method. The SNR increased to 15.54 dB, the estimated s 0 was 99.13 nV, T * 2 was 100.9 nV, f was 0.01 Hz, and ϕ 0 was 1.04 dB, respectively, which were reported in Table 1 . For signal 2, the disturbing noise was more serious, but the combined method also worked. The estimated signal parameters s 0 , T * 2 , f and ϕ 0 were 98.7 nV, 101.5 ms, 0.02 Hz and 14.17 rad, respectively. Furthermore, we should notice that the random noise embedded in signal 3 was also suppressed effectively. Especially at late times, the signal submerged in high noise level was recovered by the combined method. The random noise was mitigated while the signal information was preserved, and the SNR increased to 12.75 dB, the estimated s 0 was 101.7 nV, T * 2 was 99.3 ms, f was 0.05 Hz and ϕ 0 was 1.05 rad. Further, the discussion on the uncertainty of the estimated signal parameters had been conducted. The initial amplitudes and the relaxation time were estimated when signal parameters and noise levels were varied. The results of the VOLUME 7, 2019 combined method were compared with stacking. In case 1, the random noise with different noise level were added to a synthetic oscillating signal with parameters s 0 = 100 nV and T * 2 = 100 ms. Then the proposed method combining EMD and TFPF was performed to suppress the random noise and 100 times was repeated to get the uncertainties. Meanwhile, 16 stacks were adopted to suppress the random noise and the uncertainties of signal parameters were also obtained. Figs 5a and b illustrated that when the noise level was larger, the uncertainties of signal parameters (both the initial amplitude and the relaxation time) got greater. The uncertainties of signal parameters processed by EMD-TFPF were smaller than stacking. Noted that for the case shown in the paper, when the deviation of the random noise was equal to (and greater than) 200 nV, the uncertainty of signal parameters got much larger. Thus, the effectiveness of the de-noising method should be considered under high noise level. In case 2, a synthetic oscillating signal was generated with T * 2 = 100 ms but s 0 was varied. Then the random noise with a standard deviation of 20 nV was added to 79922 VOLUME 7, 2019 FIGURE 6. The EMD-TFPF method was applied in MRS signal processing for the residual random noise suppression. The panels in the left-hand column displayed the de-noising results of record 1, and the right column showed the de-noising results of record 2. The panels in the first row showed the de-noised results by the basic signal processing methods. After synchronous detection and low-pass filter, the envelopes and fitting results of the real part and imaginary part were displayed in the second row. The third row and the last row showed the corresponding results by the signal processing methods including the combined method.
the signal. EMD-TFPF and Stacking were applied, respectively. The estimated relaxation time was shown in Fig.5c when the initial amplitude was varied. We should notice that with the initial amplitude increasing, the uncertainty of relaxation time was smaller, and the uncertainties processed by EMD-TFPF were smaller than stacking. In addition, to simulate case 3, a synthetic oscillating signal with the parameters s 0 = 100 nV was generated and also had been corrupted by random noise with a standard deviation of 20 nV. When the T * 2 was varied, the estimated initial amplitude was shown in Fig.5d . We observed that with the relaxation time increasing, the uncertainty of initial amplitude was smaller. The EMD-TFPF also performed better than stacking. The estimated signal parameters and the uncertainties were reported in Table 2 .
B. SYNTHETIC EXAMPLE FOR REAL NOISE
In the previous subsection, the performance of the combined method was demonstrated by presenting the de-noised results on different noise conditions, as well as different VOLUME 7, 2019 FIGURE 7. The results of the measurement recordings from three of sixteen pulse moments in changchun, china. The upper row showed the de-noised results with the basic signal processing procedure. The second row displayed the corresponding demodulated and fitting results. Then followed by the method combining EMD and TFPF, the results were shown in the third row. The last row was the corresponding demodulated and fitting results of the combined method.
signal parameters. But the performance of the de-noising algorithm on the artificial noise is always idealistic. So in the following, another synthetic example was carried out where the embedded noise was real. The noise-only recordings were from two different noise measurements, which were measured at a test site in Hannover, Germany. The sampling frequency is 51.2 kHz, 30 stacks. Each measurement was conducted by two square coils. The two coils collected the noise data simultaneously, and they were in the same size. For the one measurement, the side length of the two coils was 10 m with 8 turns. For the other measurement, the side length of the two coils was 50 m with 2 turns. The recorded noise data was broadband, in order to make the recorded data was comparable with real experiments, a digital band-pass filter with the pass-band frequency ranging from 1000 Hz to 3000 Hz was first used. Then a mono-exponential oscillating signal with parameters s 0 = 200 nV, T * 2 = 150 ms, f L = 2028 Hz, ϕ 0 = 0.523 rad given by eq. (7) was generated, and this pure signal was added to the real noise collected by one of the coils, respectively, referred to as record 1 and record 2.
We found there was not spiky noise in the synthetic signals, but there was serious harmonic noise interference. Hence, harmonic noise cancellation (HNC) and remote reference based noise cancellation (RNC) [7] , [27] were first used to remove the harmonic noise. Then stacking was used to suppress the random noise. After that, there was still some random noise remained. So the EMD-TFPF method was applied to suppress the residual random noise, finally synchronous detection and low-pass filter were used to obtain the filtered signals. The panels in upper right corner were the corresponding spectra, and the inset graphs zoom in the spectra. Noted that the serious harmonic noise was well removed after performing HNC and RNC, and the signal was preserved. After synchronous detection and low-pass filter, the signal envelopes with real part and imaginary part were obtained ( Fig.6c and d) . The fitted parameters of the de-noised signals were estimated, and the SNRs were also calculated for each case, which were summarized in Table 3 . Additionally, the EMD-TFPF method was further used to suppress the remaining random noise embedded in the filtered signal (red) displayed in Fig.6a and b, and the results were shown in Fig.6e and f. Here, the signals in blue line were the original noisy signals. The signals after the remaining random noise suppression by the EMD-TFPF method were in red line. From the time series and spectra, we can see random noise was suppressed effectively and signal component was more evident. Then synchronous detection and low-pass filter were used and the final filtered signals were obtained. The real part and imaginary part were shown in Fig.6g and h. Also, the SNRs and the signal parameters were estimated for each case. The estimated parameters were close to the ideal values and the SNRs were improved after the EMD-TFPF method.
IV. APPLICATION TO REAL DATA
Further, the method combining EMD and TFPF was applied to an actual MRS survey. In order to evaluate the practical application of the combined method, the de-noising results of the real data were shown. In addition, the data was processed without using the combined method and the results of these two signal processing procedures were compared. The real data were recorded in a regional groundwater investigation near Changchun, China [18] . The Earth's magnetic field had an intensity of 54,720 nT, and the Larmor frequency was 2332 Hz, the frequency variation range was less than 2 Hz. The experiment was conducted using the JLMR-Array system developed by Jilin University and data were recorded from one channel by using a 100-m-side square loop with one turn. The sampling frequency is 25 kHz. Sixteen pulse moments of 0.2∼8.5 A·s and 32 stacks were used.
Based on the basic signal processing procedure, the spiky noise and power-line harmonic noise were first removed. Fig.7a∼c showed the de-noising results of the recordings from three of sixteen pulse moments, the blue lines displayed the recorded noisy signals and the red lines were the filtered signals. From the time series and spectra, we could observe that the harmonic noise was removed and the noise level was decreased. Subsequently, synchronous detection was used to get the real part and imaginary part of the signals followed by low-pass filter, fig.7d∼f showed the envelopes of the filtered signals, together with the fitting lines of the real part and imaginary part, respectively.
In addition, following spiky noise removal, harmonic noise cancellation, and stacking for random noise attenuation, the method combing EMD and TFPF was applied to further suppress the residual random noise. The red lines in fig.7g∼i denoted the results of the combined method. Compared with the de-noising results of the basic signal processing procedure, the random noise was further suppressed. The envelopes and fitting lines were shown in Figs.7j∼l, the noise level was also smaller compared with that in Figs.7d∼f.
Signal parameters estimated against the pulse moments were shown in Fig.8 . It should be noted that the difference of the initial amplitude estimated from between the traditional signal processing methods and the traditional signal processing methods combing EMD-TFPF method was not significant. But the relaxation time obtained without the method combing EMD and TFPF is irregular. Additionally, with the combined method the estimated signal frequency and the phase shift varied smoothly, so it can be considered that the MRS signal was estimated reliably, and a better estimation can be obtained after suppress some residual random noise by the method combining EMD and TFPF.
V. CONCLUSION
In the present study, a method combining EMD and TFPF is introduced to suppress the random noise embedded in MRS oscillating signal for further improving SNR. The combined method was tested on numerical simulations for both artificial noise and real noise. Besides, the combined method was also applied on an actual MRS survey. It can be concluded that before demodulation, employing the combined method following the traditional de-noising methods, the residual random noise was further suppressed and resulted in a decreased uncertainty of the estimated signal parameters.
